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Introduction
High penetrations of wind power on the electric grid can introduce technical challenges because of resource variability. Such variability can have undesirable effects on the frequency, voltage, and transient stability of the grid. Energy storage devices can be an effective tool in reducing variability impacts on the grid in the form of power smoothing and ramp control. In large, interconnected power systems, the size of individual generation units is small compared to the capacity of the entire system. Therefore, a power imbalance caused by the sudden loss of a single generator is relatively small because operating reserves are shared among a large number of generators and risk to system security is minimal. The rate of change of frequency during the loss of a generator tends to be low because of high system inertia. Small, isolated island systems without interconnections are more sensitive to system disturbances because of lower inertia and higher costs of spinning reserves. The addition of a large amount of variable wind power imposes unique challenges on island power systems that large electric grids in the continental United States do not experience. The reliability of an island electric system is highly dependent on its ability to accommodate changes resulting from variability in the most economic manner while maintaining power quality and continuity of service to customers. There are several time scales of variability introduced by wind power generation that energy storage can help mitigate. With rising oil prices, stringent emission limits, continuous advances in energy storage technologies, growing technology maturity, and the development of lower-cost storage systems, energy storage is becoming an enhancing tool for the utilization of renewable energy resources in island power systems.
Integrating an energy storage system with a wind power plant can help smooth out the variable power produced from wind. Recent advances in electricity energy storage technologies provide opportunities to address wind energy variability at different time scales. The application of energy storage technology is characterized by its energy capacity (amount of energy that can be stored in the device) and power capacity (the rate at which energy can be transferred into or out of the device). The characteristics of a particular storage technology (charge/discharge rates, response times, cycle life, etc.) are also critical in determining its application range.
Several types of energy battery storage technologies have been deployed in a number of power systems throughout the world for smoothing variable power output from wind and solar power plants. Such technologies primarily include lead-acid, Li-ion, and NaS systems. In particular, several fast-response, megawatt-scale battery systems were recently deployed throughout the Hawaiian Islands to support wind and solar projects. Integrating a battery storage system with a wind power plant can help reduce power ramps of the plant output. Ramps should be limited to reduce the impact on power system reliability and allow the integration of larger amounts of variable generation with minimum high-cost ancillary service requirements from conventional generation. The size, efficiency, response time, and control strategy for an energy storage system are important parameters that contribute to a plant's ability to meet the ramp rate requirements set by the Hawaiian Electric Company (HECO). A battery system can be charged during rampup events and discharged during ramp-down events without wasting energy for wind curtailments (except for round-trip losses in batteries) and requiring costly reserve services by conventional generation.
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Transmission and Distribution System in Northern Oahu
HECO operates a 138-kV transmission system in Oahu to deliver generated power to substations and distribution systems. Bulk power generated from conventional power plants is located in the Kahe and Campbell Industrial Park areas and transmitted to the East Oahu service area via two major 138-kV transmission corridors (Figure 1 ). The northeastern transmission corridor presently has three 138-kV transmission lines feeding power to the Koolau substation; however, only one line is in operation approaching its capacity limit [1] . From the transmission level, voltage is stepped down to the 46-kV sub-transmission level. The approximate locations of HECO's 46-kV sub-transmission circuits and general load areas are shown in Figure 2 , in which the blue shaded areas mark 56% of HECO's total system load. The loads located in the north and northeast coastal areas are served by the 46-kV sub-transmission system, which has a much lower power flow capability than the 138-kV transmission system [1] . The North Shore has been identified as a location with exceptional wind resources. First Wind's Kahuku Wind Power (KWP) plant is located in the brown-shaded area shown in Figure 3 . The available capacity in this area has already been filled with Kahuku and Kawailoa projects. The blue-shaded area has potential for 30 MW of wind generation capacity. The rest of the 46-kV system in the North can support only 50 MW of new generation (the areas outside of the blueand brown-shaded areas shown in Figure 3 ) without transmission infrastructure upgrades [1] . The existing 46-kV transmission infrastructure in the north is shown in Figure 4 . It ties back to the 138-kV transmission system in Wahiawa. There are two 46-kV radial circuits in the area, from the Waialua substation to the Kuilima and Kahuku substations. The capacity of each of the two 46-kV circuits will be exhausted after another 20-MW wind project is added [1] . HECO established requirements that wind power plant project developers must meet to qualify for interconnection. The requirements for ramp rates and potential power fluctuations as stipulated in the HECO power purchase agreement led First Wind to examine the potential for integrating an energy battery storage system into the KWP plant. In addition, the KWP site is unique in its transmission challenges, so the battery storage system helps avoid costly transmission upgrades.
The Xtreme Power energy battery storage system was selected as a suitable technology to mitigate variability of the KWP plant. It has been in service since 2011. The Kahuku site and the battery system installed inside a utility building is shown in Figure 6 . The indoor area allows for another 10 MWh of storage to be installed should the wind farm be subject to future curtailment. 
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This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications Xtreme Power's Dynamic Power Resource (DPR) is an integrated energy storage and power management system that was implemented in the KWP. DPR uses PowerCell battery technology sized to meet the interconnection requirements of the KWP plant. There are ten DPR systems with individual 480-VAC inverter/chargers capable of four-quadrant operation with simultaneous delivery or absorption of both active and reactive power. The IGBT based voltage source inverters have 1 ms subcycle response times and are capable of adjusting from a fullyrated charge to a fully-rated discharge in less than a second.
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HECO Renewable Interconnection Requirements
HECO sets specific interconnection requirements and performance standards that projects must meet to help ensure that reliability and power quality of the Hawaiian electricity system are not compromised [1] . In particular, HECO requires limits on maximum allowed ramp rates (MW/min); defines voltage and frequency ride-through characteristics; and sets power quality, voltage regulation, and active power control requirements. HECO sets ramp rate requirements for 25-MW to 50-MW projects at 2 MW/min to 3 MW/min. The KWP power purchase agreement was negotiated in 2008 [2] and includes different upward and downward ramp interconnection requirements that vary depending on the time of the day, as shown in Figure 8 . Table 1 . The batteries are controlled to help the KWP plant meet HECO ride-through requirements under these scenarios.
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This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications Additional voltage regulation requirements under contingency scenarios were also implemented in the KWP plant control, as shown in Table 2 . • Ramp rate, RR
• Instantaneous power fluctuation rate,
• Subminute power fluctuation rate,
The ramp rate calculations are performed using the following formula:
Where RR is calculated for every 2-s scan and −30 is the instantaneous MW analog value 30 scans (60 s) prior to the present scan, .
The instantaneous power fluctuation rate is calculated as
Where is the instantaneous power change calculated for each scan, −1 is the instantaneous MW analog value for the previous scan, and is the instantaneous MW analog value for the present scan.
The subminute average power fluctuation rate is calculated as
Where 1 , the subminute average power fluctuation rate, is calculated every 30 scans.
In general, a ramp event is defined as a power change event at any time interval. If the power change is positive, it is defined as a ramp-up event; it is defined as a ramp-down event if the power change is negative. The rate of power change is defined as a ramp rate calculated on a minute-to-minute basis, so the ramp rate unit is MW/min.
There are several ways in which ramp events are defined in the technical literature, as described in [4] , [5] , and [6] . Equation (1) above focuses on the values at the end points of each 60-s interval. Another definition is based on differences between max and min values in an interval. Ramps can also be defined as the average slope within an interval. In this analysis, all ramping and power fluctuation calculations for the KWP were done using equations (1) to (3) above.
Data Description
The time series data for the system was provided by Xtreme Power. The data channels recorded at the Kahuku site by First Wind SCADA system are shown in Table 3 . Eleven-day data files were collected from November 2011, December 2011, and February 2012. Combined, the data represented 33 days of Kahuku system operation (11 consecutive days for each month). No state-of-charge (SOC) data for battery systems was provided by Xtreme Power, so all the analysis was performed without knowing the state of the batteries at any given period of time. Although both frequency and alternating current voltage were measured in each phase of the 46-kV MV line, the average three-phase voltage and frequency were calculated and used in the analysis. Figure 10 shows examples of raw data time series including the active power from the wind farm, the active AC power to/from the battery inverters, and the alternating current voltage on the 46-kV bus (line-to-ground) for each month of observation. This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications
The data sampling rate was expected to be at a 2-s time step. However, analysis of the time step distribution for the KWP time series showed that data time steps were not always consistently at 2 s. The frequency plot of observed time steps is shown in Figure 11 , with a significant number of occurrences of time steps at different levels. As shown in Table 4 , the data sampling intervals were at 2 s during 92.5% of the observation period, and at 3 s during 7.1% of the observation period. The larger sampling intervals were observed during insignificant periods of time. The data points with only 2-s and 3-s sampling rates were filtered out and used in the analysis. The filtered data was resampled using a linear interpolation method to have a consistent 2-s sampling rate for the total observation time of approximately 790 h. The data sets were also analyzed for grid outages during the period of observation. As shown in Table 5 , there were some hours of zero voltage on the 26-kV line for Data Set #2 and Data Set #3. 
Ramping Performance During Normal Operation
The main purpose of the XP battery system used in the KWP project is to absorb changes in wind power plant output to limit the rate of change of power produced by the wind turbines. Such changes can be caused by the natural variability of the wind speed resource and also by contingency events in the grid, such as a sudden trip of wind turbines a result of voltage fault events or grid outages. In addition, batteries can be used to provide ramp limiting during startups of a wind power plant after grid outages. The XP battery system used in the KWP project was sized to meet the HECO ramp rate limits shown in Figure 8 . An explanation of ramping operation of the KWP wind-energy battery storage system is illustrated in Figure 12 and Figure  13 . An example 1,000-s snapshot of a 2-s active power time series was selected ( Figure 12 ). The direction of battery active power depends on ramping behavior of the wind power plant active power output. As shown in Figure 12 , batteries were being charged or discharged to limit the rate of change of wind power. In particular, batteries were charging during sustained increases in wind power (t = 100 s to 400 s) and discharging when wind power was decreasing (t = 400s to 500 s). The resulting 1-min ramp rates in Figure 13 showed a more significant reduction of the total ramps than wind-only ramps. This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications
Power Outage Event
Another example of a ramping event is shown in Figure 14 . In this case, the whole plant was shut down because of a loss of line voltage that lasted for approximately 2.5 h. The wind power plant resumed power production shortly after grid voltage had been restored. A more-detailed view of the wind power plant start-up is shown in Figure 15 . As in the previous case, the batteries began absorbing a portion of wind power plant output power to limit the total ramp rates. The resulting total ramp rates were significantly lower than the wind-only ramp rates (within ±1 MW/min), as shown in Figure 16 . 
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Voltage Fault Event
An interesting sequence of events demonstrating ramp limiting service by the batteries is shown in Figure 17 . In this case, two consecutive, short-term, low-voltage events caused some wind turbines to trip offline. Although these low-voltage events are clearly shown in Figure 17 , the real magnitude of instantaneous voltage drop is unknown because of the 2-s averaging interval. A more-detailed view of these events is shown in Figure 18 . The batteries began discharging immediately after both events (Event 1 and Event 2 in Figure 18 ), reducing the rate of change of
This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications total plant power. The significant reduction in the resulting ramp rates can be observed in Figure  19 . In particular, in Event 2 the resulting peak ramp rate was approximately -5 MW/min; whereas it was -13 MW/min for the wind-only ramp rate. The plant returned to normal operation approximately 50 min after the event, and the batteries helped reduce the ramp-up rates, as shown in Figure 17 .
Impact on Power Variability at Different Time Scales
Energy storage helps reduce variability of wind power at different time scales. To demonstrate this, we took a closer look at the negative ramping event shown in Figure 20 , in which the wind power dropped from 30 MW (the rated power of the wind power plant) down to 4 MW in approximately 20 minutes. The battery control immediately responded to this event by discharging the battery to reduce the rate of change of power. Total ramping performance of the KWP plant was calculated using the three metrics expressed by equations (1), (2), and (3). The resulting 1-min ramp rates, 2-s step changes, and 1-min average step changes are shown in Figure 21 , Figure 22 , and Figure 23 , respectively. 
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This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications As shown in the figures above, the resulting rate of change of plant total output power smoother for all three cases. Although the main control objective of the battery system was to limit 1-min ramp rates, the performance improved for other metrics as well. This demonstrates the benefit of the energy storage to smooth overall variability of wind power at different time scales.
The example time series above helps demonstrate the role of XP battery storage in reducing the ramp-up and ramp-down rates of the KWP wind power plant. This achieved by increasing the charge or discharge power depending on the ramp-up or ramp-down behavior of the wind power plant. Unlike conventional generation, the batteries do not have significant ramping constraints. The limiting factors of the battery system are its power rating and energy capacity.
Statistical Analysis of Ramping Characteristics of the KWP Wind-Energy Battery Storage System
After the KWP data was cleaned and brought to a consistent format, we used equations (1), (2), and (3) to analyze the active power fluctuations at different time scales. Ramping events can be a significant source of uncertainty in power systems with large levels of wind power generation. Statistical analysis of historical data is important for quantifying the mitigating effects of a battery bank on both the up and down ramping of the KWP plant. Results of such analysis can be useful in developing statistical models that might offer insights into forecasting combined windenergy battery ramps and formulating stochastic control strategies for dealing with ramping events in the HECO power system. It was not expected that the three 11-day groups of data could provide a complete picture of performance, wind resource variability, and ramping characteristics of the KWP wind-energy battery storage system. Several issues may skew the statistics, such as forced curtailments of wind power. Without wind resource data, information about individual wind turbine status, and information on battery state of charge, it is very hard to separate the events of forced curtailments from natural ramping events. Therefore, such short and limited sets of data provide only a snapshot of system operation rather than long-term statistics on combined wind-energy battery performance.
The main purpose of this analysis was to estimate the impact of batteries on a 1-min ramp rate reduction of the KWP wind power plant because strict limits on 1-min ramps were imposed by the HECO power purchase agreement. However, it was found necessary to conduct a detailed statistical analysis of 2-s power variability as well. Variability at such a fine time scale will have little impact on the operation of the HECO power system. Nevertheless, a detailed statistical evaluation of 2-s ramping performance of the wind-energy battery storage system has never been conducted in the literature and may reveal useful insights and help identify characteristics of 2-s ramp distributions. Several potential ancillary services to the HECO grid can be provided by a battery system on a second-to-second basis (such as battery system participation in primary frequency control, inertial response, and fast responsive reserves), so knowing the statistics of fast ramping behavior by the combined wind-energy battery storage subsystem can be helpful in designing optimum control algorithms for such services.
Statistical Metrics Used in the Analysis
Some statistical background that was used in the 2-s and 1-min ramp rate analysis is described in this section using [14] , [15] , and [16] . We used a histogram as a graphical method for displaying the shape of distribution for both power and rate of change of power data. The class intervals, or bin widths, were determined using the square-root method, which calculates the number of bins as a square root of the number of data points in the sample [13] ( = � ). The bin widths were then calculated directly from maximum and minimum values in the data. For data sets with a large number of points, a histogram essentially resembles continuous frequency distributions because of the large number of bins.
In addition to histogram analysis, standard deviation, and mean, we applied two other statistical measures to the characterization of ramp distributions: skewness and curtosis. Skewness is a measure of symmetry (or, more precisely, the lack of symmetry) for a given data set, and is defined as
Where is the skewness, is the mean, is the standard deviation, and is the number of data points in the set. The skewness for a normal distribution is zero, and any symmetric data set should have a skewness near zero.
Kurtosis is the degree of peakedness of a distribution. It is a measure of the magnitude of the peak of the distribution, or, conversely, how fat-tailed the distribution. It is defined as
In the above definition of kurtosis, data sets with a higher value of kurtosis tend to have a distinct peak near the mean and decline rather rapidly.
Correlation coefficients are used in the statistics to measure the strength of relationship between two data sets. In this analysis, we used Pearson's correlation coefficient, commonly used in linear regressions:
Where is the correlation coefficient and and are elements of data sets.
Distribution fitting is a procedure necessary for selecting a statistical distribution that best fits the wind-energy battery storage system data and allows for the development of a valid statistical model describing system operation. The best distribution that fits the data can be selected by conducting various goodness-of-fit tests. Also, histograms give an idea of the shape of distribution. However, there are additional sensitive tools for checking if the shape is close to a model. One such tool is the quantile-quantile (Q-Q) plot, by which two distributions can be graphically compared. If the samples come from the same distribution, the Q-Q plot will be linear. Later in this report, we show some distribution fitting analysis of wind battery ramping data.
It is general practice in statistical analysis of acquired time series data to remove the outliers (data points that lie an abnormal distance from other values in a sample). This is usually accomplished by removing values that are greater than a certain percentile value (for example, the 99th percentile). In this analysis, we did not perform any outlier screening in ramp rate data. The reason for this is that extreme ramp rate events that lie in the tails of observed distribution are of significant interest in the context of this work and will have an impact on power system performance.
The statistical analysis of the KWP ramping data is based on methods and assumptions that have been used in relevant technical literature [4] - [12] .
Observations and Statistics on KWP 2-s Power Data Sets
This section provides a detailed statistical insight on instantaneous power fluctuation rates for the whole period of observations. We analyzed the 2-s SCADA data on active power for the wind power plant and battery system to extract information on how the battery system impacts total plant power production at this time scale. But first we present frequency distributions of 2-s power data to provide a clearer view of plant power variations during these specific periods of observation.
A frequency distribution of 2-s wind power and total plant power is shown in Figure 24 for Data Set 1 (11 consecutive days of observation in November 2011). This frequency distribution of 2-s power data was somewhat bimodal-it had two distinct peaks. The larger mode (or a major mode) was approximately 25 MW to 27 MW, and a lower mode (or a minor mode) was approximately 2 MW to 3 MW. The least frequent values between the modes happened for intermediate power levels. The frequency of the total plant power correlated well with wind power. However, the total frequency of total power production at high regions (above 27 MW) was significantly lower than for the wind power plant because the battery system was mostly absorbing power at high regions to limit ramp rates. In contrast to wind power, the frequency distribution of battery power was clustered around a single mode (approximately 0 MW), then extended itself with lesser frequency into tails. This is shown in Figure 25 , in which the histogram for battery power was combined with wind and total power histograms. (A logarithmic scale was used on the Y-axis to reconcile the tremendous differences in the frequency of occurrences.) The distribution of the 2-s battery power was asymmetric; it had some skewness with a longer positive tail. Also, this distribution was centered on a non-zero mean. A correlation analysis between wind and battery power showed very little correlation between these two time series (Pearson's correlation coefficient = -0.129). This was an expected behavior because the control objective for the battery system was to limit the rate of change of power.
This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications A more-detailed view of the frequency distribution for battery power only is shown in Figure 26 . The longer positive indicated several occurrences when the battery system was discharging at 7 MW to 7.5 MW. Conversely, the shape of the shorter negative tail indicated that the charge controller was limiting power into the batteries at approximately 4 MW to 4.5 MW. This limiting function of the controller caused the asymmetric shape in the frequency distribution for battery power. The distribution was centered around the mean value of -0.139 MW. The energy to and from the battery system was calculated for the whole period of observation. For this 11-day data set, there was a total of 98.68 MWh of energy flowing into the batteries and 61.91 MWh of energy flowing out of the batteries.
1 Table 6 lists the average, min/max, and standard deviation values of the KWP wind, battery, and total power for each of the three data sets. These results were consistent among all three data sets. The maximum recorded discharge power from the battery bank was much larger for Data Set 3; one reason is because the battery system provided a short-term surge of power during a voltage fault event (see Figure 17 ).
Analysis of 1-min Ramp Rates
The frequency distributions of positive and negative 1-min ramp rates (wind, batteries, and total) during an 11-day observation period in November 2011 are shown in Figure 27 . These distributions were calculated for a large number of bins and are shown in logarithmic scale as a visual representation of the difference between the number of events and the large range of values. These distribution shapes were concentrated in the center, at approximately 0 MW/min, with visible tails. Table 7 lists some statistical values for the distributions shown in Figure 27 .
The average values for all three distributions were very close to 0. The values of standard deviation (STD) showed that 1-min total ramp rates had less variation from mean than do windonly ramp rates. The maximum positive and negative total ramp rates were also lower than for the wind-only case.
Skewness is a measure of symmetry. The figure shows that the distributions of wind-only and total ramp rates were not exactly symmetric, with larger positive tails. In fact, the distribution for total ramp rates had a higher degree of asymmetry than did the wind-only ramps, as shown in Table 7 . This is despite the fact that the distribution of battery ramp rates seemed to be far more symmetric, with a much smaller value of skewness. As shown in Figure 27 , the total ramp rate distribution seemed to be symmetric for all ramp rates within a ±2-MW/min range. The asymmetrical portion of the distribution was for larger ramp rates outside of the ±2 MW/min range. This was an interesting observation, meaning that during this particular period of data collection, the combined wind-energy battery storage system produced a larger number of positive 1-min ramp rates than negative ones.
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This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications Calculated with installed capacity of battery system (15 MW) Kurtosis is the measure of peakedness of distribution. Based on kurtosis values in Table 7 , it appears that the distribution of total ramp rates was relatively more peaked than in the wind-only case. More-peaked distribution means higher frequency of smaller ramp rates concentrated around central axes, as shown in Figure 27 .
Another observation that can be made from Figure 27 is that there was a significant reduction in the frequency of large ramping rates for total plant power (the difference between the red and black plots). More than an order of magnitude reduction in the frequency of the 1-min ramp rates was achieved for some portions of the range, and some large ramp rates were eliminated. The ratio between the frequency of wind-only and total tamp rates is shown in Figure 28 for comparison. It appeared that for a range of smaller ramp rates (±1 MW/min), there was a slight increase in the frequency of occurrences in total ramp rates compared to wind-only ones (the ratio between frequencies was less than 1). This increase was insignificant and did not impact power system operation. A small reduction in the frequency of ramp rates was observed in the range of 1 MW/min to 1.6 MW/min (both positive and negative). The frequency of larger ramp rates was reduced significantly (by a factor of 10 or higher), as shown in Figure 28 , for ramp rates above ±2 MW/min.
This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications This was a significant reduction in the frequency of large positive and negative ramp rates of the 30-MW wind power plant achieved by the assistance of the 15-MW battery system. It is safe to assume that such a dramatic decrease in the number of large ramping events had a positive impact on HECO operation. In general, incremental regulation requirements by conventional generation as a result of wind power are highly correlated to the ramp rate of wind generation. Higher levels of variable wind power generation will further challenge the ramping capabilities of thermal units. The operational data from the KWP wind-energy battery storage system demonstrates that fast-response energy storage can help mitigate short-term variability and ramping of wind generation, and help wind power plants meet HECO ramping constraints.
The relative frequency of 1-min ramp rates is also shown in Figure 29 , grouped in 1-MW/min bins. This representation of distribution data combined with a tabular form (Table 8) gives a better sense of the ramp rate reduction ratio for different MW/min intervals (bins). For example, approximately 35 times more reduction in the frequency of the ramp rates occurred in the bin centered at -5.5 MW/min (-5 MW/min to -6 MW/min interval). On the opposite side, there was only a factor of 4 reduction for the 5 MW/min to 6 MW/min interval because of the positive skewness in distribution. The largest reduction in positive ramp rate frequency happened in the 2-MW/min to 3-MW/min interval, as shown in Table 8 . This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications 
Correlations Between Wind Energy, Battery, and Total 1-min Ramp Rates
The correlation coefficient is a measure of the strength of a linear relationship between two variables. The analysis of the linear correlation between wind-only, battery, and total ramp rates is important in trying to understand the relationship between all three and extrapolating correlations between wind power and battery operation for systems with larger capacities envisioned for the future. The scatter plot shown in Figure 30 reveals the relationship between 1-min wind-only and total ramp rates for the November 2011 data set. In this study, correlations were quantified using a simple linear correlation coefficient specified by equation (6) above. There was a moderate positive correlation ( =0.68) between wind power and total 1-min ramp rates. The decoupling effect of batteries, which were controlled to reduce the total ramp rates of the KWP plant, caused this reduced value of . (Without batteries, = 1, the ideal correlation line in Figure 30 .)
A fitted linear regression identifies a positive slope in the scatter plot (slope = 0.422 with 0 intercept). The value of this slope could be used for a simplified first-order model of battery effect, and could be interpreted as a measure of wind power ramping reduction by batteries. The lower the value of the regression slope, the larger the effect of the battery system on 1-min ramp rate reduction.
The extreme outliers in Figure 30 did not have a significant impact on linear regression because they represented a small portion of total data points. More than 99% of data points fell within the shaded ±2 MW/min range, Figure 1 as shown in Figure 30 . In fact, the same analysis was
This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications performed with the outliers removed from the data (values greater than twice the 99th percentile value), with impact on the slope less than 2%. Another interesting statistical observation from Figure 30 was achieved by analyzing the percentage of data in each quadrant of the scatter plot. The XY plain was divided into quadrants. Data points in Quadrants 2 and 4 represented total and wind-only ramp rates with the same sign (change in power in the same direction). Quadrants 1 and 3 represented data points when total and wind-only ramp rates moved in the opposite direction. There were significantly more data points in Quadrants 2 and 4 (37.75% and 39.95%, respectively) than in Quadrants 1 and 3 (11.55% and 11.35%, respectively). This means that for a significant period of time (more than 77%), the 1-min fluctuations in wind-only and total power were in the same direction. However, approximately 23% of the time, the same fluctuations were in the opposite direction.
Similar correlation analysis was conducted using the scatter plot shown in Figure 31 to understand the relationship between the 1-min ramp rates for wind-only and battery power. The data revealed stronger negative correlation between both time series ( = -0.782) than the previous case. Fitted linear regression in this case had a negative slope (-0.574). The value of this slope could also be used for a simplified first-order model of the battery effect, and could be interpreted as a measure of battery response to wind ramping. In an ideal case, the slope = -1 would provide an ideal response from the battery system. However, such response would require a larger battery and modified control strategy.
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This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications Analysis of the quadrant breakdown indicated that the battery system spent the most time operating in Quadrants 1 and 3 (approximately 74%), when 1-min power changes in battery output were in the opposite direction as wind power, and only 26% of the time the 1-min power changes in battery output were in the same direction as the wind power (Quadrants 2 and 4).
Segregation of 1-min Ramp Rates by Time of Day
Some periods of power system operation may be more problematic from an operational perspective because of fast changes in load. In this regard, different ramp rate limitations could be imposed on generation during certain hours of a day. HECO's 1-min ramp rate limitation schedules are as follows (and also shown in Figure 8 ):
• Maximum ramp rate upward of 1 MW/min during morning hours (12 a.m. to 4 a.m.)
• Minimum ramp rate downward of 1 MW/min during afternoon-evening hours (4 p.m. to 8 p.m.)
• Maximum upward and downward ramp rates of 2 MW/min for all remaining hours
In this section, we present results of ramp rate statistics segregated by hours of day, as shown above. Figure 32 , Figure 33 , and Figure 34 show the distribution of the 1-min ramp rates filtered for morning (12 a.m. to 4 a.m.) and evening (4 p.m. to 8 p.m.) hours for the November, December, and February data sets. These figures show the distribution of the 1-min ramp rates for wind power, battery power, and total active power of the KWP plant. In this portion of the analysis, the focus was mainly on total plant power (black histogram plots) because it determines the ability of the system to meet 1-min limitation schedules during certain hours of the day, as shown above.
Like the full data sets, for these short periods of time the average values are still close to zero. The shapes of distributions for morning and evening hours had some differences for the same data sets, as shown in the figures below. This was most obvious in the November 2011 data set (Figure 32 ), in which a significant difference in the negative tails was observed between morning and evening hours. The distribution of 1-min ramp rates during morning hours was more symmetric, with similar distribution of positive and negative tails. The distribution during evening hours for the same data set had obvious nonsymmetric tails. This can be explained by the difference in the control setting of the battery system during different hours of a day. For the December and February data sets, there were no significant differences in the shapes of distributions during morning and evening hours, as shown in Figure 33 and Figure 34 .
The analysis of morning and evening distributions shows that for most of the time the total 1-min ramp rates of the system were within positive and negative 1-MW/min limits, respectively. These limits were exceeded during certain percentages of the time, as indicated by the shaded areas in the black distribution plots in the figures below. The same data for each data set was consolidated in Table 9 . In particular, the morning ramps exceeded the positive 1-MW/min limit during 12.9% to 19.6% of time, depending on the data set. The evening ramps exceeded the negative 1-MW/min limit during 14.4% to 25.17% of time, depending on the data set.
It is important to note that these occurrences were not interpreted as violations in this report. It is uncertain if the battery system was indeed controlled to meet the morning/evening ramp rate schedule. Thus, these were mere observations to help a reader better understand the specifics of wind-battery storage system operation. This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications
Analysis of Instantaneous Power Fluctuations
Wind power can have an impact on a power system on several time scales. The variability of the KWP plant output on a second-to-second basis had a small impact on the HECO power system because such short-term changes in wind power production are small relative to the load demand and consist primarily of many uncorrelated events that change power production in different directions. The XP battery system was controlled to reduce net variability in a larger time scale (1-min ramp rates), and a reduction of second-to-second variations was not the primary control objective for the battery system. However, the battery system had an impact on the second-tosecond variability of the wind power plant, even though it was not specifically controlled for this purpose during periods of normal operation. In this section, we present the analysis of 2-s power data from the KWP plant to understand the impact of the battery system on plant operations at such short time scales. Throughout the remainder of the report, we refer to fast, 2-s variability as instantaneous fluctuations, or 2-s fluctuations, to maintain consistency with HECO terms as listed in [2] . The instantaneous power fluctuations were calculated according to equation (2) above.
First, we analyzed the data to see if there was any correlation between the 1-min ramp rates and 2-s fluctuations calculated for all measured time series. The scattered plots in Figure 35 revealed weak positive correlation between the 1-min ramp rates and 2-s fluctuations for wind-only, battery, and total power, respectively. (Correlation factors are shown for each XY plot.) Such weak correlations may have led to a false conclusion that the impact of batteries on 2-s fluctuations was not as strong as it was on 1-min ramp rates. However, the analysis of 2-s fluctuations in total plant power revealed a more significant reduction in frequencies than in wind-only power, as observed in Figure 36 , the histogram plot of the November 2011 data set. Some statistical observations for the same 2-s fluctuations time series were consolidated and are shown in Table 10 . As in the case of 1-min ramp rates, the battery system caused an order of magnitude reduction in the 2-s fluctuations of the plant (both positive and negative), with total elimination of extreme fluctuations. The distribution of 2-s fluctuations of wind power was nearly symmetric, with little positive skewness. The distribution of 2-s fluctuations for the battery system was similar to wind, but with small negative skewnees. As shown in Figure 36 This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications in total plant power was symmetric for most of the range, with large, positive skewness in the tails area, and was much narrower, with a higher degree of peakedness (larger kurtosis) than the wind-only and battery distributions. As shown in Figure 36 , the operation of the battery system caused some increase in frequency of small 2-s fluctuations in total plant power (within ±0.1-MW/2-s range). However, there was a dramatic reduction in the frequency of the 2-s fluctuations for the rest of the range. The majority of extreme 2-s fluctuations in total power were within ±0.5-MW/2-s range (with few outliers outside of this range). Calculated with installed capacity of battery system (15 MW) The scatter plot in Figure 37 shows strong negative correlation between the 2-s fluctuations in wind and battery power (correlation coefficient = -0.945). The slope of linear fit is equal to -0.873, which can be used as a simple regression model for evaluating fast changes in battery power in response to fast wind power variability. The histogram in Figure 38 shows the distribution of frequencies in the differences between the 2-s fluctuations in battery and wind power. These differences could be interpreted as a statistical measure of how close the battery system is tracking the 2-s fluctuations in wind power. For example, if the difference were equal or close to zero, then for each MW/2 s in wind power, there would be a same change in battery power, but in the opposite direction.
This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications
Characterization of Ramp Rate Distributions
In this section, we analyzed the character of distributions of the 1-min ramp rate data from the KWP wind-battery system. The goal of the analysis was to examine the ramp rate data to understand which statistical distribution best fits the measured data sets and could be used to describe it. In previous chapters, we discussed shapes and other characteristics of ramp rate distributions for wind, battery, and total power of the plant. These distributions were presented in logarithmic scales for better visualization of tail events. Figure 39 shows the same distributions in normalized scale (red plots) compared to three different continuous probability distribution functions (Laplace, hyperbolic, and normal). A closer look at the distribution of measured ramp rates (red plots in Figure 39 ) revealed sharp symmetric peaks that were typical to the Laplace distribution. The probability density function (PDF) of the Laplace distribution is as follows
Where and are the mean and standard deviation, respectively.
After preliminary analysis of several other continuous PDFs, we included two other functions in the analysis that best described the measured data for a comparison. The functions we used are the PDFs for hyperbolic and normal distributions. The PDF for hyperbolic distribution can be written as
Where 1 ( � 2 − 2 ) is modified Bessel function of the third kind with index 1, and are two parameters that determine the shape (steepness and skewness, respectively), is the mean, and is the scale parameter ( = ).
The normal continuous PDF is defined by the formula
The frequency distribution of actual measured ramp rates was compared to three continuous PDFs, as shown in Figure 39 . The depicted hyperbolic distribution plots used the following set of shape parameters ( = 1.5 and = 0).
A single "candidate" distribution that best matched the data was selected for each 1-min ramp rate data. In particular, we selected the hyperbolic distribution for wind-only, Laplace distribution for battery, and normal distribution for total ramp rates. The comparison of actual and empirical cumulative distribution functions (CDF) is shown in Figure 40 . Such representation provided a general understanding of shape comparisons but carried very little information on how well the candidate distribution fit the measured data. In further analysis, we used other graphical means to compare two distributions. In particular, a P-P (probability-to-probability) plot can be useful tool for assessing how closely two data sets agree by plotting two cumulative distribution functions against each other (Figure 41 ).
Figure 41. P-P plots
The P-P plots were expected to be approximately linear if the specified theoretical distribution was the correct model. The regression analysis (R 2 value) showed very strong linear fit between empirical and actual CDFs. As observed in Figure 41 , the P-P plots were more sensitive to This report is available at no cost from the National Renewable Energy Laboratory (NREL) at www.nrel.gov/publications discrepancies in the middle part of the distribution. These discrepancies were more obvious for battery CDFs because of the highly peaked shape of battery PDF as shown in Figure 40 . The R 2 value of the P-P plots was a useful parameter for evaluating goodness to fit, but not definitive. It gave an idea of how well the data fit the model, but did not give any information on whether the model was correct.
Another graphical technique for determining if two data sets have a common distribution is based on using the Q-Q (quantile-quantile) plots. A Q-Q plot is a graph of the quantiles of the observed data plotted against the quantiles of the empirical distribution. Two distributions are similar if the Q-Q plot follows a linear pattern of a 45-degree reference line. Many distribution characteristics can be tested with Q-Q plots, particularly the presence of outliers in the sampled data. Figure 42 shows Q-Q plots comparing the quantiles of measured 1-min ramp rates with theoretical quantiles. The plotted points were close to linear, with some outliers at the ends of the ranges. Otherwise, the data fit the selected candidate models well. There are other goodness-of-fit tests that reveal information if a given distribution is not significantly different from the hypothesis (for example, Kolmogorov-Smirnov and Chi-square tests). It was not a purpose of this work to perform a complete set of stringent statistical analysis for distribution fitting. In particular, special efforts are need to devise methods for fitting the empirical distribution shapes in the tails of measured ramp rate distributions. Longer observation periods and more information about battery control set points are needed to understand and characterize the nature of outliers, which is subject of future work. The simple analysis of distribution fitting above helped identify and characterize the types of empirical distributions that best represented the operation of the KWP wind-battery system.
Conclusions
In this study, we provided a detailed analysis of the ramping performance of the Kahuku windbattery system. The KWP plant is one of the largest wind battery system that has been deployed in the United States to date. The presented analysis is the first detailed insight into minute-byminute ramping performance of a utility-scale battery system coupled with a multi-MW wind power plant based on actual field data. The results of this study can be used by HECO and other island utilities in their future wind power expansion plans, and also by large mainland utilites that plan on using similar battery systems.
The primary purpose of the Kahuku storage system is to limit ramp rates of the net production of the plant. We have examined ramping performance of the KWP plant in 1-min time scales and identified more-significant reduction in 1-min ramp rates in net plant power than wind-only power. The most obvious benefits of the battery system are a significant reduction in frequency of large positive and negative ramp rates of the 30-MW wind power plant achieved by the assistance of a 15-MW battery system. It is safe to assume that such a dramatic decrease in the number of large ramping events has a positive impact on HECO operation. In general, the incremental regulation requirements by conventional generation caused by wind power are highly correlated to the ramp rate of wind generation. Higher levels of variable wind power generation will further challenge the ramping capabilities of the thermal units. The operational data from the KWP wind-battery system demonstrates that fast-response energy storage can help mitigate short-term variability and ramping of wind generation, and help wind power plants meet HECO ramping constraints. The analysis demonstrated significant reduction in 2-s power fluctuations as well.
The analysis examined the ramp rate data to understand which statistical distribution best fits the measured data sets and can be used to describe it. It was demonstrated that the Laplace distribution best describes the 1-min ramping performance of the battery system, whereas the normal distribution best fits the 1-min ramping characteristics of net plant power.
The current work suggests a number of directions for further examination. The analysis can be expanded to include data on battery system SOC to better understand impacts of such operation on battery life and performance, capability of battery controls to manage its target SOCstate of charge, and related efforts. Also, access to control parameters of the battery system will improve interpretation of the performance of the system in different regions of operation (extreme events in particular). The authors gratefully acknowledege the contributions of Xtreme Power and First Wind for supplying the data used in the study. Calculated with installed capacity of battery system (15 MW) 
